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Abstract 

Background:  Identification of biomarkers, which are measurable characteristics 
of biological datasets, can be challenging. Although amplicon sequence variants (ASVs) 
can be considered potential biomarkers, identifying important ASVs in high-through-
put sequencing datasets is challenging. Noise, algorithmic failures to account for spe-
cific distributional properties, and feature interactions can complicate the discovery of 
ASV biomarkers. In addition, these issues can impact the replicability of various models 
and elevate false-discovery rates. Contemporary machine learning approaches can be 
leveraged to address these issues. Ensembles of decision trees are particularly effective 
at classifying the types of data commonly generated in high-throughput sequencing 
(HTS) studies due to their robustness when the number of features in the training data 
is orders of magnitude larger than the number of samples. In addition, when combined 
with appropriate model introspection algorithms, machine learning algorithms can 
also be used to discover and select potential biomarkers. However, the construction 
of these models could introduce various biases which potentially obfuscate feature 
discovery.

Results:  We developed a decision tree ensemble, LANDMark, which uses oblique 
and non-linear cuts at each node. In synthetic and toy tests LANDMark consistently 
ranked as the best classifier and often outperformed the Random Forest classifier. 
When trained on the full metabarcoding dataset obtained from Canada’s Wood Buffalo 
National Park, LANDMark was able to create highly predictive models and achieved an 
overall balanced accuracy score of 0.96 ± 0.06. The use of recursive feature elimination 
did not impact LANDMark’s generalization performance and, when trained on data 
from the BE amplicon, it was able to outperform the Linear Support Vector Machine, 
Logistic Regression models, and Stochastic Gradient Descent models (p ≤ 0.05). Finally, 
LANDMark distinguishes itself due to its ability to learn smoother non-linear decision 
boundaries.

Conclusions:  Our work introduces LANDMark, a meta-classifier which blends the 
characteristics of several machine learning models into a decision tree and ensem-
ble learning framework. To our knowledge, this is the first study to apply this type of 
ensemble approach to amplicon sequencing data and we have shown that analyzing 
these datasets using LANDMark can produce highly predictive and consistent models.
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Background
Biomarkers represent a broad category of objectively measurable characteristics which 
can identify, or at least provide evidence for, a particular biological process or biologi-
cal entity such as an organism or specific tissue/cell type. Amplicon sequence variants 
(ASVs), which are unique variations of specific DNA sequences, can be considered a 
class of biomarker [1]. These sequences are typically generated by the amplification and 
sequencing of a specific region of a marker gene, such as cytochrome oxidase I, and are 
used to study patterns in biodiversity [1]. The complex and noisy nature of high-through-
put sequencing (HTS) data sets presents a significant hurdle in identifying important 
ASV biomarkers. Statistical and machine learning models can fail to identify important 
co-variates (features in machine learning) due to underlying problems within the data 
set and the assumptions of each analytical method [2–7]. For example, the detection of 
novel patterns, effect of higher order interactions, and non-linear relationships between 
taxa are not effectively evaluated using linear statistical models [8–10]. Noise and/or 
incorrect modelling due to various distributional assumptions also contributes to dif-
ficulties in development and use of predictive models. This can then present itself as a 
hurdle when using these models to identify important predictive attributes [11–13]. The 
efficiency of the amplification step, the amount of error introduced during amplifica-
tion and sequencing, the sampling process, and the storage of samples represent some 
of the entry points through which noise is introduced noise into HTS datasets [14]. 
Bioinformatic methods that attempt to account and correct for noise can also lead to 
differences in results. For example, different denoising algorithms and distance metrics 
could have a substantial impact when measuring alpha and beta diversity [15]. Finally, it 
is important to note that many older marker-gene sequencing studies made use of clus-
ters of sequencing reads, referred to as operational taxonomic units (OTUs), which dif-
fer by less than an arbitrary dissimilarity threshold [1]. Since ASVs are not sets of similar 
sequences, the number of ASVs can be considerably larger than the number of OTUs. 
This can be a problem since the use of ASVs increases the dimensionality of the final 
data sets. This can make it difficult to find potential biomarkers using statistical models 
since the number of multiple comparisons which are performed could mask potentially 
important results [16, 17].

Two possible, but not mutually exclusive, avenues can be taken to find potential 
biomarkers in HTS data. These are the algorithmic (predictive) and statistical model-
ling approaches [7]. While a detailed discussion of these approaches and their applica-
bility to metabarcoding research is outside the scope of this paper, the merits of these 
approaches have been and continue to be extensively debated and explored in the lit-
erature for at least two decades [7]. On one hand, algorithmic modelling is concerned 
with using the collected data to arrive at sensible and accurate predictions [18]. How-
ever, the interpretation of these models is often difficult, computationally expensive, and 
not intuitive [19, 20]. Statistical models, on the other hand, attempt to find a particular 
statistical distribution which best fits the data. Therefore, a model is built assuming that 
the data follows the underlying assumptions of the statistical distribution and allow for 
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an easy understanding of how each feature is associated with the outcome of interest [7, 
10]. In statistical models, however, bias and sources of error could be introduced due 
to the assumptions about the data and choices made before applying the model to the 
data [10, 11]. Despite extensive debates, neither method is clearly superior but rather 
complementary. For example, a statistical framework can be used to test for differences 
in predictive performance between models [21, 22]. Thus, the choice of approach should 
depend on the goals of the study and the characteristics of the data. Finally, these meth-
ods can also be used to validate the findings of the other [23].

Unfortunately, real data sets do not usually obey one or more distributional assump-
tions. For example, MetagenomeSeq is an R package designed to look for differentially 
abundant sequences and assumes that sequencing counts follow a zero-inflated log nor-
mal distribution [24]. LEfSe (Linear Discriminant Analysis Effect Size) is a tool that uses 
abundance information to identify biomarkers and assumes multivariate normality [11, 
25]. Assumptions about the proportion of differentially abundant ASVs also occur [11]. 
Layered over this is the fact that amplicon sequencing datasets are compositional in 
nature [26, 27]. This necessitates the need to develop or explore more suitable models 
for indicator or differential abundance problems [11, 28]. Therefore, to identify poten-
tial biomarkers, models which are capable of handling sparseness, compositionality, and 
limiting the impact of noise are preferable.

Investigations into the ability of statistical models to identify biomarkers has shown 
that different methods may not consistently detect the same biomarkers, likely due to 
differing assumptions about the underlying distribution of each ASV’s counts [29, 30]. 
As a result, it is often difficult to choose a particular statistical model. Machine learning 
approaches represent a powerful alternative way to analyze and interpret data. However, 
the effectiveness of these approaches in modelling marker-gene data is under-explored 
and under-utilized [31]. While it is true that these models are often complex, recent 
innovations in understanding how features are used to arrive at predictions are mak-
ing these approaches far more accessible [19, 20, 32]. Machine learning approaches are 
also attractive since they tend to be considered as a class of non-parametric models and 
therefore assume very little or nothing about the underlying data. In fact, their goal is 
to approximate a decision boundary which best separates outcomes. The quality of this 
approximation is then measured as the ability to predict outcomes on unseen or new 
data and/or to infer which factors can be used for predictive purposes. For example, 
recent work has shown that eDNA metabarcoding data can be used to infer biotic indi-
ces without depending on a reference database [33]. While these approaches are pow-
erful and are being increasingly used in ecological research, just like statistical models, 
they must be used with care. This is because biases used in the construction of an accu-
rate predictive model may result in the inability of the model to discover a good approxi-
mation of the underlying data generation function.

This work introduces the Large-Scale Non-parametric Discovery of Markers (LAND-
Mark) method. LANDMark attempts to discover an accurate separation between 
samples by building an ensemble of decision trees capable of making oblique cuts. Tradi-
tionally, decision trees used in Random Forests and Extremely Randomized Trees make 
axis-aligned cuts at each node. Despite the strengths of these methods, the decision 
boundaries learned by these methods can be highly problematic, especially when these 
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models are trained on data containing highly correlated features [13]. Oblique and non-
linear cuts—which use the information from multiple features to discriminate between 
classes—is one way to avoid this issue [13, 34]. LANDMark considers both types of splits 
at each node to construct decision trees which are better able to explore the geometry 
of the underlying data in a simple and elegant manner while retaining many of the use-
ful properties of decision trees [9, 34, 34, 35]. We will investigate LANDMark’s gener-
alization performance using toy, synthetic, and real data while contrasting our approach 
against other commonly used machine learning models. Finally, we will measure the 
ability of our algorithm to select a consistent set of ASVs associated with outcomes of 
interest. The significance of these features will be examined in the context of the broader 
literature.

Methods
Toy datasets

Toy data can provide valuable insight into how various algorithms perform across a wide 
variety of domains. Since they are well studied, these datasets provide a sanity check 
ensuring that new data analysis algorithms function in line with what is reported in the 
literature. Five of the datasets (Parkinson’s Speech, Seeds, Heart Failure, Raisin, and 
Coimbra Breast Cancer) were downloaded from the UCI Machine Learning Repository 
[36–43]. The Iris, Wisconsin Breast Cancer, and Wine datasets were obtained from the 
Scikit-Learn library [44]. The concentric circles’ and ‘two moons” datasets were con-
structed using Scikit-Learn while the ‘two spirals’ dataset was constructed using code 
obtained from [45]. Counts of OTUs from the v3–5 region of the bacterial 16S rRNA 
gene were downloaded from https://​www.​hmpda​cc.​org/​HMQCP/ [46]. Samples cor-
responding to the tongue dorsum, saliva, and sub-gingival plaque were then extracted 
and used for a subsequent analysis. Detailed descriptions of each dataset, any normaliza-
tion, and their construction (in the case of the ‘concentric circles’, ‘two spirals’, and ‘two 
moons’ datasets) can be found in Additional file 1: Table S4.

Amplicon sequencing dataset selection

We selected a previously published real-world dataset for testing. The dataset was 
derived from benthic tissue samples but collected from wetlands in Wood Buffalo 
National Park in Alberta, Canada using two COI amplicons, F230 and BE [47–50]. 
This dataset was chosen since it represents a diverse boreal wetland, the dataset can 
be divided into two smaller datasets characterized by non-overlapping amplicons, and 
it has been extensively studied [50–54]. These properties make this dataset a suitable 
choice for testing a new biomarker discovery algorithm. The outcomes of interest in 
each of these datasets are ASVs can be used to identify the different wetland habitats 
(Peace River vs Athabasca River).

Bioinformatics

Raw sequences in the FASTQ format were obtained from the Hajibabaei Lab at the Uni-
versity of Guelph [47, 52]. Demultiplexed paired-end Illumina reads were then processed 
using a COI metabarcode pipeline available from https://​github.​com/​Hajib​abaei-​Lab/​
SCVUC_​COI_​metab​arcode_​pipel​ine [55]. Cytochrome Oxidase I (COI) samples were 

https://www.hmpdacc.org/HMQCP/
https://github.com/Hajibabaei-Lab/SCVUC_COI_metabarcode_pipeline
https://github.com/Hajibabaei-Lab/SCVUC_COI_metabarcode_pipeline
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first paired using SeqPrep with a minimum Phred score of 20 in the overlap region [56]. 
Primers and adapter sequences were removed using CutAdapt 1.10 and only fragments 
of at least 150 bp were kept [57]. This stage also removed any sequences with more than 
3 ambiguous nucleotides and a Phred score of less than 20 at either end of the frag-
ment. The remaining quality controlled sequences were extracted and de-replicated with 
VSEARCH 2.8.2 [58]. The unoise3 functionality of USEARCH 10.0.240 was then used to 
denoise (remove globally rare clusters and chimeric reads) the de-replicated set of reads 
into ASVs [6, 59]. VSEARCH 2.8.2 was then used to construct the ASV count matrix and 
the RDP Classifier (version 2.12) was used to assign taxonomy to the COI reads using a 
curated database of COI sequences (COI Classifier v3.2) [55, 60].

Following the initial processing steps, ASVs with a bootstrap support of 0.3 or higher 
at the genus level were chosen for further analysis. These cut-offs were chosen to reduce 
the probability of a false taxonomic assignment for COI amplicons ~ 200  bp in length 
with the assumption that the query sequence is represented in the reference sequence 
database [55, 60]. Only ASVs belonging to taxa which could confidently be assigned 
to macroinvertebrates used in biomonitoring were selected [61]. Data sets were con-
structed such that each amplicon could be analyzed independently. Raw counts were 
stored in a site by ASV count matrix. Unless otherwise specified, each raw sample by 
ASV matrix was converted into presence-absence and filtered so only ASVs found in two 
or more samples are retained. This step was taken since the goal of this study is to iden-
tify ASVs which are shared between samples of the same origin and that reducing the 
size of the feature space can often lead to a more generalizable model [26, 29, 62]. Fur-
thermore, presence-absence transformation can introduce some biases due to weighting 
rare and common taxa equally. However, unlike rarefaction, this transformation retains 
ASV occurrence information. Rarefaction and centered log-ratio transformations (CLR) 
were not used due to the potential biases that may be introduced when taking read 
abundance into account. For example, in very sparse datasets the CLR transformation 
begins to approach normalizing by total sum scaling if there are many absences. Rarefac-
tion is problematic since it will omit random subsets of ASVs and introduce unwanted 
variation into the data [12, 26]. Processed amplicon sequencing data and indicator spe-
cies results can be found in Additional file 6.

The LANDMark algorithm

The overall algorithm for LANDMark is presented in Additional file  5. Briefly, a 
LANDMark decision tree will select either an oblique or non-linear split at each node. 
Oblique and non-linear splits use information from multiple features to discover a 
hyperplane which best models training data. The hyperplane is simply a decision rule 
that is not necessarily parallel to the feature axis. Similarly, non-linear splits use infor-
mation from multiple features to learn a plane-curve which best models the training 
data. LANDMark accomplishes this by training multiple classification models at each 
node using a perturbed dataset. A simplified geometric overview of this is presented 
in Fig. 1. Ultimately, each node will learn a set of classification rules about the origi-
nal data and only rules which result in the greatest information gain, which are more 
likely to reflect the underlying geometric structure of the data, are selected as split-
ting functions (Fig.  2) [34]. We believe that our approach to constructing decision 
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trees will result in the evaluation of a diverse set of splitting functions. Additional 
randomness, which is known to improve performance of decision tree models, could 
also be injected into the model by way of a random linear oracle [35].The final goal of 
this approach will hopefully result in an improvement of each tree’s approximation of 
the decision boundary. Taken together as an ensemble, the improvements to each tree 

Fig. 1  A geometric overview of how LANDMark trees can partition samples. Oblique (straight line) 
and non-linear (curved line) splits are created linear and neural network models, respectively. Unlike the 
axis aligned splits used in Random Forests, LANDMark nodes consider multiple features. This can allow each 
model to take advantage of the additional information and use it to learn more appropriate decision rules. 
Since multiple models are considered at each node, only those which partition samples into smaller purer 
regions are selected. Random linear oracles, left, can be used to add additional randomness to LANDMark. 
This approach selects two points at random without replacement and calculates the midpoint between 
these samples. This midpoint is then used to find the hypersurface orthogonal to the initial two points. 
Samples are then partitioned according to side of the hypersurface in which they are found. Following this, 
different randomized subsets of features and/or a bootstrapped samples of the data are then used to train 
different supervised models in each node (middle). This process is repeated until a stopping criterion is met 
(right). Many trees are constructed in this way and their decisions combined to produce the final prediction

Fig. 2  A simplified overview of how LANDMark constructs and selects splitting rules at each node. 
Multiple models are evaluated at each node in each tree. Diversity between LANDMark trees is due to the 
random selection of training samples and features in each node, random initializations of most models, and 
the random selection of models which create partitions with equivalent information gain
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can then be combined by averaging to create a more accurate classification model [8, 
13, 63]. The source code can be found at: https://​github.​com/​jrudar/​LANDM​ark. 

The Scikit-Learn library is used by LANDMark to train linear models at each 
LANDMark node. LANDMark will train a logistic regression, ridge regression, linear 
support vector machine (LSV), and stochastic gradient descent (SGD) model at each 
node [44]. Each linear model has a hyperparameter which controls the regularization 
strength of the model. If more than 6 samples enter the node, a cross-validated grid 
search is conducted to find an appropriate regularization strength for the model. In 
the case of the SGD classifiers, the grid search is used to select an appropriate loss 
function. Settings for each model’s hyperparameters can be found in Table 1.

LANDMark can also explore possible non-linear decision boundaries using a neu-
ral network model created using Tensorflow [64]. The architecture of this model is 
described below and an overview is presented in Additional file  4: Fig.  S12 while 
Table  1 provides an overview of each model used by LANDMark and the possible 
parameters which may be used. The neural network used by LANDMark is only used 
if there are more than 32 samples entering the node. This choice was deliberate since 
training this network is computationally expensive. The network used by LANDMark 
is split into two smaller networks, each using the same sample by ASV matrix as input 
data. The first network contains five hidden layers with 256, 128, 64, 48, and 24 hid-
den units in each hidden layer. Alpha dropout, with a dropout rate of 0.2, is used after 
the first, second, and third hidden layers. This form of dropout prevents overfitting 
by randomly setting a fraction of each layer’s activations to their negative saturation 
value [65]. This encourages the network to learn a more general representation of 
the input data. The activation function of each hidden layer is the “mish” function 
[66]. This function is a non-linear and helps the network learn how to represent non-
linearities which could be present in the input data. Input data is also passed into a 
Random Fourier Features layer. This layer projects the original data into a 24-dimen-
sional representation [67]. These features then pass through three hidden layers with 
24, 24, and 16 nodes. The output of each sub-network is then concatenated, and con-
catenated layer is connected to a softmax layer where the number of hidden units is 
equal to the number of classes. For example, in the Wood Buffalo training data there 
are two classes which correspond to the Athabasca and the Peace River Deltas. Cat-
egorical cross-entropy, the loss function for the network, is optimized using an Adam 
optimizer with a learning rate of 0.001) [68]. The data used to train the network is 
randomly divided into 90% training data and 10% validation data. The network runs 
for a maximum of 300 epochs unless the loss on the validation data is at or below 10–4 
for 40 epochs.

Model choices, parameterizations, and hardware

LANDMark was compared to the following classifiers: Extremely Randomized Trees 
(ET), SGD Classifier using the squared hinge and modified Huber loss functions, Ran-
dom Forest Classifier (RF), LSV, Logistic Regression CV, and Ridge Regression CV [44]. 
Models were run using their default settings. This was done since many prospective 
users will not deviate from these settings [69]. However, an exception was made for reg-
ularization parameters because two models, the Ridge and Logistic Regression classifiers 

https://github.com/jrudar/LANDMark
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Table 1  Default models and the possible parameter choices for each model under different 
conditions

Classifier Non-tunable 
parameters

Number of training 
features (≥ 4 
features)

Parameters 
(If number of 
samples > 6)

Parameters 
(if number of 
samples ≤ 6)

Logistic regression 
(LBFGS solver)

max_iter = 2000
penalty = “l2”

Randomly selected—
user defined

A grid search using 
fivefold stratified 
cross-validation is 
used to choose C from 
logarithmically spaced 
values in the range of 
10–4 and 104

C parameter set to 1.0

Logistic regression 
(Liblinear solver)

max_iter = 2000
penalty = “l1”

Full A grid search using 
fivefold stratified 
cross-validation is 
used to choose C from 
logarithmically spaced 
values in the range of 
10–4 and 104

C parameter set to 1.0

Linear SVC max_iter = 2000 Randomly selected—
user defined

A grid search using 
fivefold stratified 
cross-validation is 
used to choose alpha 
(for SGD classifiers) or 
C (for the linear SVC). 
The possible choices 
for these parameters 
are 0.001, 0.01, 0.1, 1.0, 
10, 100. In the case of 
the SGD Classifier, the 
loss function (hinge 
or modified Huber) is 
also chosen using 5 
cross-validation

C parameter set to 1.0

Stochastic gradient 
descent classifier (L2 
penalty)

max_iter = 2000 Randomly selected—
user defined

A grid search using 
fivefold stratified 
cross-validation is 
used to choose alpha 
(for SGD classifiers) or 
C (for the linear SVC). 
The possible choices 
for these parameters 
are 0.001, 0.01, 0.1, 1.0, 
10, 100. In the case of 
the SGD Classifier, the 
loss function (hinge 
or modified Huber) is 
also chosen using 5 
cross-validation

Alpha parameter set 
to 1.0, loss function 
(hinge or modified 
Huber) is randomly 
chosen

Stochastic gradient 
descent classifier 
(elastic-net penalty)

max_iter = 2000 Full A grid search using 
fivefold stratified 
cross-validation is 
used to choose alpha 
(for SGD classifiers) or 
C (for the linear SVC). 
The possible choices 
for these parameters 
are 0.001, 0.01, 0.1, 1.0, 
10, 100. In the case of 
the SGD Classifier, the 
loss function (hinge 
or modified Huber) is 
also chosen using 5 
cross-validation

Alpha parameter set 
to 1.0, loss function 
(hinge or modified 
Huber) is randomly 
chosen
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attempt to select an appropriate parameter using cross-validation. A cross-validated grid 
search was used to select the regularization parameters for the LSV and SGD models. 
The best parameter was chosen from a list of logarithmically spaced values between 
1e−4 and 1e4. All tests were run on a computer using an Intel Core i5-10400F CPU, 
16 GB of RAM, and an NVIDIA GeForce GTX 1650 Super GPU with 4 GB of memory.

Generation of synthetic datasets

The ability of LANDMark to identify predictive features, such as ASVs which are indica-
tive of a particular condition, is important in validating the approaches presented in this 
paper. Synthetic data was constructed using the filtered data sampled in 2012 from the 
Athabasca River in Wood Buffalo National Park [47, 52]. The subset of the data con-
taining the F230R amplicon was used to ensure a relative level of homogeneity within 
samples. However, the choice to use this subset was arbitrary. To simulate the effect of 
a treatment, a copy of the original samples was made and likelihood of the presence of 
an ASV was modified. We also created datasets which randomly perturbed 25, 50, or 
75 ASVs to investigate how well models perform when the number of predictive ASVs 
differed. The likelihood for each selected ASV to be present in the treatment group was 
selected at random from the following list: 0.1, 0.125, 0.25, 0.5, 2, 4, 8, 10 and calcu-
lated by solving Eq. 1. In this equation, po is the original probability, pN is the increase 
or decrease in likelihood, and q represents the new probability. The columns associ-
ated with these ASVs in the treatment set were then replaced with a new set of values 
constructed using the selected likelihoods. Additional randomness was also added by 
shuffling the presence and absences of 5% of ASVs. Each synthetic dataset contained 
48 samples, 24 of which were controls. Thirty different datasets were created for each 
scenario.

(1)log
q

1− q
= log

pO

1− pO
+ logpN

Table 1  (continued)

Classifier Non-tunable 
parameters

Number of training 
features (≥ 4 
features)

Parameters 
(If number of 
samples > 6)

Parameters 
(if number of 
samples ≤ 6)

Ridge regression NA Randomly selected—
user defined

Alpha chosen from 
logarithmically spaced 
values in the range 
of 10–3 and 104 using 
generalized cross 
validation

NA

Neural network batch_size = 32
epochs = 300
validation_split = 0.10
min_delta = 0.0001
patience = 40
See text for architec-
ture details

Randomly selected—
user defined

NA NA
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Assessment of generalization performance using models trained with synthetic and toy 

datasets

To test for significant differences in generalization performance thirty different train-test 
splits, with the classes in each set being proportional to those in the original, were created 
for each toy data set. 80% of the original data was used to construct each training set. For 
reproducibility, the random state used to create each train-test split was set to the iteration 
number for the split. A model was trained using each training set and the balanced accu-
racy score (Eq. 2) calculated using the corresponding test set [70]. Balanced accuracy scores 
are calculated by first constructing a confusion matrix and then dividing the number of cor-
rect predictions for each treatment,cii , by the greater of either its row or column sum, 

∑
ci, , ∑

c,i . The results for each treatment are then summed and divided by the total number of 
treatments n [70]. For synthetic data, each dataset was split into a training set, which con-
tained 80% of the samples, and a test set which contained the remaining 20%.

Depending on the type of synthetic dataset the indices of the top 25, 50, or 75 features 
from each model were extracted and used to calculate the number of true positive (TP), 
false positive (FP), false negative (FN), and true negative (TN) ASVs. These values were then 
used to calculate the Mathews Correlation Coefficient (MCC) (Eq. 3), which can be used as 
a proxy for the false-discovery rate since it summarizes how successful each classifier is at 
identifying true positive features while minimizing the detection of false negatives [71]. The 
Friedman test, conducted using the ‘Real Statistics’ Excel package (Release 7.2) [72], was 
used to assess if there is any significant difference in the ability of each model to recognize 
real features. A Friedman test was also used to assess if a significant difference between the 
balanced accuracy scores could be detected [73]. If a significant result was found a Nemenyi 
post-hoc test was used to determine which pairs of models differed significantly.

We investigated the impact of three LANDMark hyperparameters on generaliza-
tion performance: the number of estimators in the forest, the number of features con-
sidered, and the effect of the using the random oracle. Although LANDMark does make 
use of other hyperparameters, investigating these would be the most pertinent since they 
directly contribute to the diversity of ensemble. To investigate the effect of these param-
eters we constructed thirty synthetic dataset (as described above) with 75 features which 
differed between each dataset. Each dataset was divided into a training and testing data-
set as described above. We then varied each parameter and measured the balanced accu-
racy score on the test data. LANDMark, RF, and ET classifiers were trained using 1, 2, 4, 
8, 16, 32, 64, 128, and 256 trees. The ‘max_features’ parameter, which controls the number 
of features considered at each node, was tested at the following levels: the square root of 
the number of features, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, and 0.8. Plots were created using the 
“relplot” function of the ‘seaborn’ package in Python 3.8. The 95% confidence interval, esti-
mated using 10,000 bootstraps, was drawn around each parameter. We did not need to con-
struct a synthetic dataset to measure the impact of the random oracle since this was tested 
as part of our generalization performance comparisons. Finally, we recognize that LAND-
Mark is likely to be a computationally expensive algorithm since it trains a learned model at 
each node. To gauge the impact of this we created thirty different synthetic datasets using 
the ‘make_classification’ function from Scikit-Learn [44]. Each dataset contained 100 sam-
ples, and 500 features, 25 of which were informative. All other parameters were kept at their 
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defaults. The time it took to train and predict using a LANDMark (No Oracle) and LAND-
Mark (Oracle) classifier, and RF was measured. 

Assessment of the LANDMark, extra trees, and random forest decision space

Kappa-Error diagrams, a popular method used to analyze ensemble diversity, were 
constructed. These diagrams visualize the average error (y-coordinate) and agree-
ment (x-coordinate) between pairs of classifiers in an ensemble. This information can 
then be used to help infer how the ensemble behaves [69]. These diagrams are created 
by constructing a contingency table from each pair of classifiers and calculating the 
average error of the pair (Eq. 4). The inter-rater agreement, measured using Cohen’s 
Kappa, is also calculated for each pair. These are then plotted on the Kappa-Error 
diagram. Finally, we examined how differences in the distribution of co-occurrences 
between pairs of samples in each tree differed between the four tree-based models. To 
do this we constructed a similarity matrix, which is simply a count of how often pairs 
of samples co-occur in the terminal leaves of each tree [8, 13]. These counts were then 
divided by the total number of trees in the forest. To create a dissimilarity matrix the 
square root of each frequency was taken after it was subtracted from one [8, 13, 74]. 
A principal coordinates analysis (PCoA) of the dissimilarities was used for visualizing 
and analyzing these differences. This analysis can be used to investigate the decision 
function of each tree-based ensemble [8, 13].

Analysis of metabarcoding data

A model’s ability to generalize and identify a consistent set of predictive features in 
amplicon sequencing data is important. We measured if perturbations of the sample 
space influenced generalization performance, and if these perturbations influenced 
the selection ASVs when using recursive feature elimination (RFE) [75]. As previously 
discussed, rare ASVs were removed from each raw dataset. Each dataset was then split 
randomly into two stratified halves. The same type of model was trained on each half 
and the balanced accuracy scores for each full model were calculated using the half of 
the data which was not used for training. RFE was used to identify the best 100 ASVs 

(2)Balanced Accuracy Score =
1

n

∑n

i

cii

max(
∑

ci,,
∑

c,i)

(3)MCC =
TP • TN − FP • FN

√
(TP + FP)(TP + FN )(TN + FP)(TN + FN )

(4)
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in each half of the data. A pair of reduced models using these 100 ASVs were then 
trained and balanced accuracy scores for each model were calculated as described 
above. This was repeated thirty times using different random splits. For reproducibil-
ity, the random state for each split was set to the iteration number. A within subjects 
repeated measures two-way ANOVA was then run to determine test for differences in 
the generalization performance between classifiers before and after feature selection 
[73]. If a statistically significant difference (p ≤ 0.05) was detected, a post-hoc pair-
wise comparison using the Bonferroni correction was conducted. Each amplicon was 
analyzed separately using IBM SPSS Statistics 26. Finally, for each amplicon, we cre-
ated thirty different train-test splits such that the training set was comprised of 80% 
of the data. The generalization performance for each split was recorded and a statisti-
cal analysis carried out as described above.

The feature importance scores for each pair of reduced models were estimated 
using the ‘shap’ package [19]. For the linear, RF, and ETC models, Shapley scores were 
calculated using the ‘Explainer’ function. The algorithm parameter was set to ‘tree’ 
for RF and ET models. ‘KernelExplainer’ using 768 samples was used for LANDMark 
models. The mean absolute value of the Shapley scores was then taken and used as 
a proxy for each ASV’s importance. Eliminated ASVs were assigned an importance 
score of 0. These scores were then converted into ranks and the correlation between 
the two sets of ranks was calculated using Spearman’s rho [75]. Consistently higher 
correlations would suggest that a predictive model can consistently rank ASVs when 
the sample space is perturbed. A within subjects repeated measures ANOVA (fol-
lowed by pairwise comparisons using the Bonferroni correction if a significant result 
was found) was used to determine if correlation scores between classifiers differed 
[73]. Each amplicon was analyzed separately using IBM SPSS Statistics 26.

To analyze how well RFE identified the same ASVs across models, we used the Jac-
card distance to calculate the dissimilarity between the sets of ASVs identified using 
RFE. This was repeated at the genera and family levels. PerMANOVA was then run to 
assess if any differences could be detected [76]. We also identified the ASVs associated 
with the best performing fold for each model. The ‘shap’ package was used to visualize 
how ASVs impacted each model’s predictions. Finally, these ASVs were also compared to 
those identified using an indicator species analysis that was conducted in R (version 3.5) 
using the ‘multipatt’ function found in the ‘indicspecies’ package (version 1.7.8) [77]. The 
same training data used to construct each machine learning model was used in the indi-
cator species analysis and the Benjamini–Hochberg correction was applied to correct 
for potential false-discoveries. To visualize overlaps between methods, Venn diagrams 
were created using ‘matplotlib-venn’ in Python 3.8. The F230 and BE datasets were ana-
lyzed separately.

Results
LANDMark performs competitively in synthetic and toy data

Friedman tests detected statistically significant differences between classifiers in each 
of the synthetic experiments in both the score and MCC measures (Additional file  1: 
Table  S1). Summary statistics and location of statistical differences, using pairwise 
Nemenyi tests, between LANDMark (Oracle) and other classifiers are summarized in 
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Table 2. When trained on presence-absence datasets, no classifier was able to achieve an 
acceptable false-discovery rate under the testing conditions. When the number of true 
features is very small (25 true features), we observed that LANDMark (with and without 
the Random Oracle enabled) consistently had higher balanced accuracy score than their 
peers. Between the two models LANDMark (Oracle) appeared to produce better mod-
els, although this difference was not statistically significant in any of the tests. However, 
some pairwise comparisons involving LANDMark (Oracle) and other models did result 
in statistically significant differences at the 0.05 threshold in LANDMark (Oracle)’s favor 
(Table 2). While other models were able to close this difference as the number of inform-
ative features increased, LANDMark (Oracle) remained as the best performing model. 
Generally speaking, LANDMark’s feature selection performance was on-par with other 
models. In only one instance was LANDMark (Oracle) statistically different than a com-
petitor, a result which favored Logistic Regression in synthetic data constructed using 50 
informative features. A full reporting of results can be found in Additional file 2.

Depending on the toy dataset, differences in generalization performance between 
LANDMark and its peers were observed (Table 3). However, we did not assess the sta-
tistical significance of differences within datasets since they were often related to the 
amount of non-linearity present in the data. For example, under these testing conditions 
linear classifiers will perform poorly since they will struggle to correctly identify the two 
classes in the ‘two spirals’ and ‘concentric circles’ datasets. Non-linear classifiers, such as 
LANDMark and the ET, will often do much better since they are more likely to approxi-
mate a correct decision boundary between classes (Fig. 3; Table 3). Therefore, the goal 
was to test if no difference in generalization performance could be detected between 
models across a variety of different datasets. Given this experimental setup the evidence 
does not support the null hypothesis. Therefore, it is likely that at least one statistically 
significant difference between models exists across the datasets tested in this experiment 
(χ2(8) = 41.96, p ≤ 1.38e−06, rho = 0.026). Nemenyi post-hoc tests revealed that most 
comparisons between LANDMark and other models were roughly equivalent. How-
ever, LANDMark (Oracle) did perform better than the SGD Classifier using the modi-
fied Huber and squared hinge loss functions (p ≤ 5.43 x 10-4 and p ≤ 3.27× 10−5 ). A full 
reporting of the raw data and results can be found in Additional file 3.

The boundaries learned by individual LANDMark trees are smoother than bounda-
ries learned by alternative models, such as those used to construct RF and ET classifiers 
(Fig. 3). Furthermore, it is known that individual decision trees tend to overfit, though 
the extent to which individual trees overfit likely depends on the dataset [8]. In the 
‘concentric circles’ dataset, for example, a single LANDMark tree appears to learn the 
underlying data generation function while the ET and RF decision trees overfit the data 
(Additional file 4: Fig. S1). The opposite occurs in the spiral dataset. Only when the deci-
sions of individual trees are aggregated do we observe that errors tend to cancel out and 
LANDMark models appear to learn a smoother and arguably more appropriate decision 
boundary (Fig.  3). Unfortunately, assessing the shapes of decision boundaries learned 
using higher dimensional data, which tends to be more reflective of real-world data, is 
more difficult.

Decision tree models, fortunately, make this task a bit simpler since the proxim-
ity matrix between samples can be extracted and visualized (Fig.  4). The results, 
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using test samples since these reflect how well a model can generalize, are reported 
here. This representation shows that the first two principal axes account for a vast 
majority of the explained variance in each model. However, LANDMark, especially 
LANDMark (No Oracle), tends to capture a much greater degree of the variance 
within the first principal axis. Each model is also able to separate samples into two 
distinct regions, which is expected when using supervised learning. Together these 
observations suggest that each decision tree ensemble can learn a decision boundary 
which can effectively partition the data. The tighter groupings and greater amount 
of explained variance along the first component observed in the LANDMark models 
imply that most samples are partitioned using a similar set of rules.

LANDMark is robust to differences in hyper‑parameter settings

Our investigation into the effect of the number of estimators demonstrates that indi-
vidual estimators from ET and RF classifiers perform very poorly. This is not a surprise 
and only confirms that individual decision trees used by these ensembles are weak learn-
ers [8, 63]. However, individual LANDMark estimators are much stronger. Further, when 
compared to RF and ET models, our test shows that LANDMark ensembles become 

Fig. 3  More accurate decision boundaries are recovered using LANDMark models. Decision boundaries 
discovered by various classifiers on two-spirals dataset. The input data (a) was used to train (b) a single 
Extremely Randomized Tree, c a single decision tree, d, e two different LANDMark (Oracle) trees that 
demonstrate the randomness of the algorithm, f a single LANDMark (No Oracle) tree, g an Extremely 
Randomized Trees classifier consisting of 100 trees, h a Random Forest classifier consisting of 100 trees, i a 
LANDMark (Oracle) classifier consisting of 64 trees, and j a LANDMark (No Oracle) classifier consisting of 64 
trees. Solid circles indicate data points used for training while crosses represent validation data. The balanced 
accuracy of each classifier is reported as the score. The shading in each plot is a qualitative representation of 
how confidently each model would predict the class of a particular sample. In panels b-f the red and blue 
regions are not shaded and represent where each model will predict either the red or blue spiral while in 
panels g–j the predictions of each ensemble member are averaged. In these panels darker regions represent 
areas where the prediction from each model is more confident
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more consistent classifiers as the number of decision trees increases (Additional file 4: 
Fig. S13). The investigation also revealed that LANDMark models were able to general-
ize better than RFs and ETs as the number features considered at each node increased 
with generalization scores plateauing at 40% of features (Additional file 4: Fig. S13). In 
RF and ET models, increasing this parameter did not substantially improve the perfor-
mance of the ensemble. When compared to LANDMark models not using the random 
oracle, there is a greater amount of variation in generalization scores when the random 

Fig. 4  Principal Coordinate Analysis projections of test data can be used to assess model fit. Proximity 
matrices extracted from the Extremely Randomized Trees, Random Forest, LANDMark (Oracle), and 
LANDMark (No Oracle) models trained on the Wisconsin Breast Cancer dataset. Higher amounts of explained 
variance along the first principal component, relative to other models, reflect the ability of a model to 
identify a set of simple decision pathways capable of classifying samples. Higher explained variance along 
additional components (relative to the other models) suggest the presence of complex decision pathways 
and overfitting
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oracle is enabled. However, variation is reduced as the number of features considered 
at each node or the number of estimators increases. Furthermore, enabling this hyper-
parameter did not result in a statistical difference in generalization performance in other 
synthetic, toy, and real-world data (Tables 2, 3, 4, 5, 6). Finally, the good results observed 
with synthetic and toy data comes at the cost of training and prediction time. In its cur-
rent state LANDMark is an algorithm that may not scale well to datasets with a larger 
number of samples. RF models were the fastest to train, taking roughly 0.60 ± 0.01 s to 
train. In contrast, a LANDMark (Oracle) model takes roughly 384.02 ± 23.21 s to train 
and 5.7 s to make a prediction. LANDMark (No Oracle) models were the most time con-
suming to train, taking roughly 543.91 ± 30.63 s. Prediction for LANDMark models was 
also slower than RFs, roughly taking 6 s to make a prediction.

LANDMark can extract useful information from presence‑absence metabarcoding data 

to create highly predictive models

When trained using 80% of the data, all models appear to generalize to unseen data well 
(Table  4). LANDMark (Oracle) demonstrated the strongest performance under these 
experimental conditions in the F230 dataset. To assess if this performance was statis-
tically significant, a within subjects ANOVA was run to compare the generalization 
performance results between each classifier. This analysis suggested that differences 
may exist in the generalization performance between models (F(4.97, 144.16) = 2.99, 
p ≤ 0.014, partial eta squared = 0.093). However, a pairwise comparisons post-hoc fol-
lowed by a Bonferroni correction did not find any significant difference between mod-
els. No significant differences in generalization performance between models could be 
detected when models were trained on the BE dataset (F(3.66, 106.17) = 1.91, p ≤ 0.120, 
partial eta squared = 0.062).

When testing if RFE had any impact on generalization performance when 50% 
of the training data was withheld, a within-subjects two-way repeated measures 
ANOVA found a potentially significant differences in the interaction between clas-
sifier and the use of RFE in both the BE dataset (F(2.43, 70.60) = 5.08, p ≤ 0.005, par-
tial eta squared = 0.149) and the F230 dataset (F(3.84, 111.21) = 3.11, p ≤ 0.02, partial 
eta squared = 0.097). Due to presence of the significant interaction the main effects 
could not be interpreted. This necessitated the need to run a simple effects test to 
determine the location of any significant differences. Pairwise comparisons using a 
Bonferroni correction found multiple significant differences in generalization perfor-
mance between classifiers before and after RFE in the BE (F(8, 22) = 12.62, p ≤ 0.001, 
partial eta squared = 0.821/F(8, 22) = 6.42, p ≤ 0.001, partial eta squared = 0.700) and 
F230 datasets (F(8, 22) = 4.90, p ≤ 0.001, partial eta squared = 0.640/F(8, 22) = 7.51, 
p ≤ 0.001, partial eta squared = 0.732) (Tables 5, 6). No significant degradation in gen-
eralization performance was detected when training a LANDMark (Oracle) model on 
ASVs selected using RFE from either the F230 or BE datasets.

The ability of models to learn consistent representations of the dataset is also 
important. A within-subjects repeated measures ANOVAs suggested that significant 
differences exist in the ability of classifiers to consistently rank features in both the 
BE (F(4.77, 138.23) = 190.08, p ≤ 0.001, partial eta-squared = 0.868) and F230 datasets 
(F(5.75, 166.71) = 217.59, p ≤ 0.001, partial eta-squared = 0.882). In the BE dataset, 
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pairwise comparisons and a Bonferroni adjustment demonstrated that the feature 
rankings produced by LANDMark (Oracle) (rho = 0.400 ± 0.032) were more consist-
ent than those produced by the ET, RF, Ridge Regression, and the SGD Classifier using 
the modified-Huber and squared-hinge loss functions (p ≤ 0.05 in all comparisons). 
However, LANDMark (Oracle)’s ability to rank features was less consistent than the 
LSV (rho = 0.443 ± 0.062, p ≤ 0.015) and Logistic Regression (rho = 0.450 ± 0.049, 
p ≤ 0.001) models. In the F230 dataset, LANDMark (Oracle) (rho = 0.466 ± 0.031) 
ranked features more consistently than the ET, LANDMark (No Oracle), RF, Ridge 
Regression, and the SGD Classifier using the modified-Huber and squared-hinge 
loss functions (p ≤ 0.05 in all comparisons). Like in the BE dataset, LANDMark 
(Oracle)’s ability to rank features was less consistent than the rankings from the 
LSV (rho = 0.507 ± 0.047, p ≤ 0.010) and Logistic Regression (rho = 0.512 ± 0.044, 
p ≤ 0.001) models.

When investigating differences in how RFE selects ASVs between models, a significant 
PerMANOVA result was obtained at the ASV (Pseudo F = 4.38, p ≤ 0.001, R2 = 0.132/
Pseudo F = 4.53, p ≤ 0.001, R2 = 0.136), genus (Pseudo F = 4.48, p ≤ 0.001, R2 = 0.134 
/ Pseudo F = 5.53, p ≤ 0.001, R2 = 0.161), and family (Pseudo F = 3.85, p ≤ 0.001, 
R2 = 0.118/Pseudo F = 5.54, p ≤ 0.001, R2 = 0.161) levels in both the F230 and BE data-
sets. Further investigation using pairwise comparisons between each model, followed 
by a Benjamini and Hochberg correction, found that most models—including LAND-
Mark—selected unique set of ASVs, genera, and families (Additional file  1: Tables S2 
and S3). Although this analysis suggests that significant differences exist between each 
model’s sets of ASVs each model, the effect sizes associated with these results tended 
to be small. When visualizing these differences, each model appears to occupy a unique 
region of PCoA space (Additional file 4: Figs. S2–S10). Venn diagrams demonstrate that 
each pair of models identifies a core set of ASVs and that there is an increasing amount 

Fig. 5  The sets of predictive ASVs selected by different classification models substantially overlap. Venn 
diagrams illustrating the amount of overlap in the set of ASVs (left), genera (middle), and families (right) from 
the Wood Buffalo F230 dataset which correspond to the fold containing the best LANDMark (Oracle) model. 
The top row is the comparison between the LANDMark (Oracle) and the Linear Support Vector Machine 
classifier (top) while the middle row compares the LANDMark (Oracle) and the Random Forest classifier. The 
bottom row compares LANDMark (Oracle) to an indicator species analysis
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of overlap between models when higher taxonomic ranks are considered (Fig. 5). A simi-
lar pattern in overlap at the genus and family levels was also observed when compar-
ing LANDMark (Oracle) to the results of an indicator species analysis (Fig. 5). However, 
unlike in machine learning methods, the sets of ASVs discovered between LANDMark 
(Oracle) and the indicator species analysis were disjoint.

From the set of ASVs LANDMark (Oracle) and RFE selected, seven can be assigned 
to the genus Caenis. This suggests that the presence of this genera is important for 

Fig. 6  The top 20 ASVs, selected using recursive feature elimination and LANDMark, from the F230 subset. 
These ASVs are used by LANDMark to help identify the Athabasca or Peace River Delta. The KernelSHAP 
method was used to calculate the SHAP values for each ASV in each sample. Each point is a sample and the 
color of each point reflects the presence (pink) or absence (blue) of the ASV listed along the y-axis. The higher 
the absolute value of a sample’s score for a particular ASV along the x-axis, the more strongly that ASV shifts 
the prediction of a sample. Positive SHAP values push the prediction towards the Athabasca River Delta; 
negative SHAP values push prediction towards the Peace River
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predicting samples from the Peace River Delta (Fig. 6). Upon further investigation, these 
ASVs could be confidently assigned to Caenis punctata, a species of mayfly identified 
in the original study as only being found in the Peace River Delta, Caenis youngi and 
Caenis diminuta [47]. Our model did not identify Caenis amica and Caenis latipennis, 
which were identified as unique to Peace River sites in the original study, as important 
[47]. This difference could likely be explained by differences in methods used to assign 
taxonomy (MEGABLAST vs. RDP Classifier) and updates to the underlying reference 

Fig. 7  Pairwise comparisons illustrating the relationship between average error and inter-rater agreement 
within decision tree ensembles. Kappa-Error diagrams visualize the relationship between pairwise error 
(y-axis) and inter-rater reliability (x-axis) for each base estimator in LANDMark, Extremely Randomized Trees, 
and Random Forests. Most LANDMark trees tend to occupy the lower-right area of each plot, indicating pairs 
of high accuracy trees that tend to agree on classifications
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database [55, 61]. Furthermore, the cutoffs used in this experiment may have been too 
conservative [55]. None of the identified ASVs is indicative of one river system. This con-
trasts with the results produced by other models, such as the LSVC and Logistic Regres-
sion (Additional file 4: Fig. S11). However, in these models ASVs are assumed to have 
an independent effect on their impact on the final prediction. This stands in contrast to 
tree-based models, where interactions between features are implicitly modelled during 
the construction of each tree [9, 78]. Furthermore, the Shapley scores produced using 
LANDMark models may reflect the effect of spatial and temporal heterogeneity on com-
munity structure [79, 80].

LANDMark ensembles are collections of highly accurate but low diversity models

Kappa-error diagrams, which visualize the relationship between mean pairwise error 
and inter-annotator agreement, show that LANDMark ensembles tend to produce pairs 
of base estimators that make fewer errors than those found in ETs or RFs (Fig. 7). How-
ever, LANDMark ensembles tend to be less diverse than their cousins. LANDMark 
(Oracle) models tend to be more diverse than those produced using LANDMark (No 
Oracle). While Kappa-error diagrams are useful in analyzing how diversity and accu-
racy influence classifier performance, they do not provide as much insight into how an 
ensemble makes decisions. For example, the decision boundaries of each base classifier 
in the ensemble can be very different due to randomness used to construct each node 
in LANDMark (Fig. 3d, e). For this reason, PCoA projections of each ensemble’s prox-
imity matrix can be useful since these can directly visualize how decision rules impact 
the co-occurrence frequency [13]. In each of the tree-based models the first component 
accounts for the largest fraction of the variance in the proximity matrix (Fig.  4). Fur-
thermore, we can observe that the different classes are separated into distinct regions 
along this component. Since these projections are made using trained models, and the 
balanced accuracy using the withheld data is very high for each model, these separa-
tions are a direct result of each model learning a reasonable set of rules which partition 
samples into their corresponding classes. Increased use of randomization in the ET and 
LANDMark (Oracle) reduces the amount of explained variance along the first principal 
component. We can also observe the presence of structures in the higher components 
of the ET and RF models. There also appears to be structures present in the higher com-
ponents of LANDMark (Oracle). However, rotations about each axis do not reveal any 
discernible structure within each class.

Discussion
We recognize that this work did not compare biomarker identification between 
machine learning models and generalized linear models (GLMs). While we certainly 
believe that this investigation is important, we felt it was necessary to devote this 
work to our introduction of LANDMark and discuss our motivations behind this 
approach to modelling amplicon sequencing data and the results of our investigation. 
This work is another step which further investigates the advantages and limitations 
of ML approaches in ecological research and is complementary to the considerable 
amount work done exploring GLMs. Finally, to properly frame our discussion it is 
important to begin with a short outline of the potential weaknesses of generalized 
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linear models (GLMs) and other non-parametric statistical tests. Specifically, recent 
work has shown that violations in distributional assumptions, transformations of the 
data, and the models themselves can lead to inconsistent results, the misidentifica-
tion of informative ASVs, and ultimately an unacceptable number of false positives 
and/or false negatives [7, 10, 11, 25, 29, 30, 81]. Also, while GLMs can model interac-
tions between features and non-linearities, the extent to which this occurs is heavily 
dependent on the choices of the researcher and the capabilities of the software pack-
age being used [10]. Therefore, it is likely that the underlying structure of the dataset 
is not being adequately modelled, which places limits on the usefulness of the results 
[10, 11, 30].

Machine learning models, particularly ensemble models, suffer less from these limi-
tations since most explore the underlying structure of the data and implicitly model 
feature interactions and non-linear relationships [7, 10, 75, 78, 82]. However, the use of 
machine learning models in ecological research is not as widespread when compared 
to other areas. For example, RF classifiers have been used in genomic research for at 
least 14 years and continue to be used to this day due to their ability to handle datasets 
containing many predictor variables and low numbers of samples [9, 63, 78, 83]. RF have 
been used to identify genes involved in childhood asthma, find genetic and metabolic 
pathways associated with phenotypes characteristic of potato quality, and this algo-
rithm has aided the clustering of single-cell RNA-seq data [84–86]. Unfortunately, the 
black-box nature of most machine learning approaches and questions around ecologi-
cal interpretability has hindered the application of machine learning methods to address 
ecological problems [31]. Although not the primary aim of our study, this work helps to 
address this knowledge gap by investigating the generalization and feature selection per-
formance of some commonly used machine learning models.

It is well known that the improvements in the diversity and accuracy of base models is 
an effective means of improving ensemble generalization performance [87]. For exam-
ple, ET introduces additional diversity by creating trees using totally random splits. This 
increase in pairwise diversity likely plays a role in why this algorithm tends to perform 
better than a RF [63]. As the pairwise-diversity between base estimators increases we 
should expect a decrease in the frequency of co-occurrences between similar samples. 
When PCoA projections of proximity matrices are created, this should manifest as a 
“smearing” of samples over multiple dimensions due to a reduction in explained variance 
along the first principal component. This is what was observed in the PCoA projections 
of the ET and LANDMark (Oracle) models (Fig. 4). Although there are a greater number 
of possible decision pathways, the additional diversity introduced by the random oracle 
does not appear to strongly influence the pairwise error (Fig. 7) nor does it appear to 
influence the overall generalization performance. These observations are consistent with 
previous reports which demonstrate that oblique cuts improve the accuracy of individ-
ual trees and the performance of the overall ensemble [13, 34]. Conversely, when many 
samples share decision pathways (co-occur more frequently) we should expect to see 
a tighter grouping of samples in PCoA space. This pattern was observed with RFs and 
in LANDMark (No Oracle) models. In RFs we believe this occurs because each node 
selects the best possible cut point for each feature before choosing the feature which 
maximizes the purity of the split [8]. A similar process is likely at work in LANDMark 
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(No Oracle) but instead of univariate cuts, the best possible model which maximizes the 
purity of each split is chosen. Unlike its univariate counterpart, this process in LAND-
Mark appears to result in the learning of smoother and simpler decision boundaries 
which better reflect data generating function (Figs. 3, 4).

When examining the higher components of the LANDMark PCoA projections, very 
little of the variation in the original proximity matrices is explained by these compo-
nents and the distribution of points in this space appears to be random. This is consist-
ent with other observations and strongly suggests that rules learned by LANDMark are 
more appropriate than those produced by ET and RFs [13]. The patterns found in the 
higher components of the LANDMark (Oracle) model appear to be directly related to 
the use of the random linear oracle since when this feature is disabled, as in LANDMark 
(No Oracle), these patterns disappear. By randomly partitioning the feature space each 
branch leading away from the root node of the LANDMark (Oracle) tree can be consid-
ered an independent model [35, 88]. Each branch is only capable of learning rules which 
partition samples above or below the hyperplane defined by the random oracle. Due to 
this it becomes more likely that some features will become mutually exclusive on either 
side of the hyperplane with the probability of an exclusion increasing as the distance 
from the hyperplane increases. This provides an explanation for the non-descript clouds 
of samples spread about each principal axis in the higher components of the LANDMark 
(Oracle) PCoA space. Contrary to previous work [13], we argue that this structure is not 
necessarily a problem because no additional structures were observed within the dis-
tribution of samples in each class. Also, if this conjecture is true, it likely explains why 
LANDMark (Oracle) was able to select more consistent sets of ASVs when compared 
to LANDMark (No Oracle). Random splits of the feature space decompose the original 
classification problem into two smaller subproblems [35, 88]. Supervised models trained 
on each subproblem are then more likely to find themselves in positions where they can 
learn more about the underlying structure of the data [34]. Therefore, by randomly par-
titioning the feature space, each independent branch in a LANDMark (Oracle) tree is 
more likely to identify a useful set of informative features. This interpretation is consist-
ent with other work which has demonstrated trees constructed using learned nodes are 
better able to adapt to the training data and generate appropriate decision surfaces [13, 
34, 35, 88].

LANDMark’s ability to search for and then selecting the best possible split function 
creates a diverse collection of trees and we believe that this directly translates into the 
performance gain over ET and RFs. Although the observed pairwise diversity of each 
tree decreases, we believe that there is an actual increase in the diversity because 
Cohen’s Kappa only captures the level of agreement between the output of two annota-
tors and not the diversity in the underlying decisions which lead to the output of each 
annotator [89]. This increase in the intrinsic diversity between each individual estima-
tor results in improvements in the independence of each tree’s output. This, along with 
the improvements in base estimator accuracy, reduces the overall error rate of LAND-
Mark ensembles since incorrect classifications from one tree are more than likely to be 
corrected by correct classifications in others. Taken together, this analysis can provide 
greater insight LANDMark’s inner workings and greater confidence in our model’s pre-
dictions. This is particularly important when working with medical and ecological data 
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because any health or policy related decisions that stem from predictive models or the 
features identified by these models must accurately reflect the biological reality of the 
system. However, this analysis is not complete. To fully understand the nature of any 
differences between different types of samples additional work is needed. For example, a 
phylogenetic transformation of the data followed by a LANDMark analysis could be use-
ful in understanding how the covariation of macroinvertebrate clades changes between 
environments [90]. Modifying the LANDMark algorithm to support a regression analy-
sis could also be used to assess the chemistry of each site [82].

This work has implications when choosing, evaluating, and drawing conclusions using 
supervised models trained on amplicon sequencing datasets and other similar sequence 
data. While highly predictive models can be used to understand complex natural pro-
cesses [7] it is also important to consider how various models identify important fea-
tures, how consistently models identify and order features, and how the topology of the 
decision space reflects the selection of features. LANDMark is likely to be less influ-
enced by distributional differences due to it being a non-parametric model of the data [8, 
9, 82]. The evidence supporting this comes from the sample perturbation trials using the 
amplicon sequencing datasets. When trained using different perturbations of real ampli-
con sequencing data LANDMark models appear to be very self-consistent, although 
not as self-consistent as LSV and Logistic Regression models. While this may be a con-
cern if one is looking for an absolute ordering of importance, our work demonstrates 
that the overall interpretation of the top performing models is unlikely to change. The 
ASVs identified by using RFE tend to map to a similar set of genera and families, and the 
effect sizes associated with statistically significant differences between sets tends to be 
small (Fig. 5; Additional file 1: Tables S2 and S3). Furthermore, given the highly complex 
nature of ecological communities, tree-based ensemble methods are more likely to accu-
rately capture the underlying patterns which differentiate communities [9, 10]. Given 
this and that LANDMark often generalizes well to unseen data, a slightly lower consist-
ency score is unlikely to be a concern. However, this does present itself as an oppor-
tunity to improve the calculation of feature importance scores in LANDMark. Finally, 
while model introspection has come a long way, we still cannot “peer into the black box” 
fully. Biases inherent to each model could also cloud potentially important relationships. 
Finally, we note that performance measures derived from the use of datasets with small 
sample sizes, such those used here, could result in an optimistic assessment of gener-
alization performance [91]. Therefore, we should proceed with an abundance of caution 
when drawing broad conclusions from analyses employing machine learning models. We 
stress that extra care must be taken to ensure the quality of any conclusions since they 
can be used to help inform public policy and understand the biological factors impacting 
human health and disease.

In synthetic tests LANDMark’s MCC scores were competitive with other classification 
models, but it was never able to consistently identify the largest fraction of truly informa-
tive features. When generalization performance was measured, however, LANDMark 
was always the best performing model. This suggests that LANDMark may sacrifice some 
of its ability to detect truly informative features in exchange for learning a more predic-
tive model. This is a particular useful characteristic since amplicon sequencing data is 
very sparse, can contain noise, and the number of samples is often very low [5, 11, 14].
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The excellent generalization performance we observed in synthetic data was mirrored in 
tests using the toy datasets. In these tests LANDMark models performed well and earned 
the best overall ranks across the datasets tested. While the performance of LANDMark 
in these tests is very encouraging, we do need to point out that these tests are in no way 
exhaustive and their likely exists data for which LANDMark is utterly unsuited [92]. We 
stress that when modelling a natural process using machine learning great care should be 
taken in the selection and evaluation of machine learning algorithms. Also, while good 
performance in synthetic and toy data is encouraging, the same good performance is not 
always guaranteed in real-world testing conditions. Our synthetic tests also show LAND-
Mark is relatively robust to changes in its hyper-parameters. Unfortunately, while it can 
create very accurate models, the time it takes to model a large dataset can be a particu-
lar concern. This is a problem that does not have any easy solutions since using learned 
models at each node is a core feature of LANDMark. Therefore, it is necessary to inves-
tigate approaches which can minimize the impact of computationally expensive steps. 
Recent work with single-cell RNAseq data has shown that clustering algorithms, such 
as HDBSCAN, can identify internally consistent sets of clusters [93]. Summarizing large 
datasets using clustering is also used by the ‘shap’ package [19]. Adding a clustering step 
before growing each tree could be one possible approach to improving the performance 
of LANDMark with large datasets. Clustering can be done before each tree is grown and 
would be used to find smaller set of samples which approximate the global structure of 
the data. Finally, taking advantage of a more powerful GPU, switching to GPU accelerated 
algorithms, and adding hyper-parameters which allow users to control which algorithms 
are used could result in additional performance improvements.

Comparisons between our model, an indicator species analysis, and other machine 
learning models are encouraging since all methods detect a core set of genera and fami-
lies. The comparisons between machine learning models are particularly interesting 
since there is a considerable amount of overlap between methods. This could be useful 
since integrating the results from multiple approaches has been suggested as a method 
which can find a robust subset of biomarkers capable of effectively predicting outcomes 
of interest [94]. Several of the identified ASVs are unique to each method and these may 
also carry important discriminatory information. However, without further work we 
speculate that these differences are likely a result of algorithmic biases. We believe this 
to be the case because the overlap at the genus and family level for all machine learning 
models was substantial and because ASVs selected by LANDMark models appear to be 
found in a region bounded by various linear models (Additional file 4: Fig. S2). The latter 
observation was not unexpected since each node in a LANDMark tree likely uses one of 
these models. This may allow LANDMark models to average the algorithmic biases from 
these models. A deeper investigation is necessary to understand this behavior, however.

Our work provides some evidence that an indicator species analysis may not be a pro-
ductive approach to biomarker selection. Due to the large number of multiple compari-
sons in ASV datasets, this analysis is likely to be overly conservative. For example, no 
overlap between the best LANDMark model and an indicator species analysis trained 
on the same data was observed at the ASV level (Fig. 5). Although an indicator species 
analysis overlapped substantially with LANDMark (Oracle), only a fraction of the genera 
and taxa detected by both methods were shared. Furthermore, when building predictive 
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models, we believe that an indicator species analysis cannot quantify complex interac-
tions between ASVs and therefore cannot fully measure the predictive capacity of the 
ASVs which it discovers [77, 82]. For example, decision trees can capture interactions 
between two ASVs when classification is conditional upon one ASV appearing before 
the other [9, 78, 95]. Since LANDMark is a tree-based algorithm, it can also implicitly 
model ASV interactions in this manner. While we did not explore how this can occur, we 
speculate that LANDMark may be able to discover interactions between sets of ASVs (as 
opposed to single ASVs) since LANDMark learns splitting functions using the informa-
tion from multiple ASVs. In addition, if LANDMark’s neural network model is chosen 
as a splitting function, ASV interactions can potentially be captured within nodes and 
between nodes. Finally, an indicator species analysis has been shown to be sensitive to 
uneven sampling of classes, the presence of missing data, and the distribution of species 
across classes [82]. Together, this strengthens the argument for the use of machine learn-
ing approaches when searching for bioindicators.

Conclusions
This work has introduced LANDMark as a potential alternative to RFs for the analysis 
of amplicon sequencing studies. We show that LANDMark has several characteristics 
which make it amenable to amplicon sequencing work. Specifically, LANDMark can cre-
ate highly predictive and consistent models, which is important since amplicon sequenc-
ing datasets tend to be very sparse and often contain few samples. We demonstrate that 
LANDMark has a distinct advantage over machine learning models, such as the Linear 
SVC, because it can learn decision boundaries that more accurately reflect any underlying 
non-linearities in the data. More generally, we also provide ecologists with an approach 
to analyzing the inner workings of trained machine learning models, particularly tree-
based ensembles and other “black box” classifiers. By performing a careful analysis of 
trained machine learning models, a better understanding of how models arrive at their 
decisions and the potential biases associated with those decisions can be reached. Finally, 
while we show that trees using learned oblique and non-linear cuts can be effective tools 
for analyzing amplicon sequencing data, this work also highlights the weaknesses of this 
approach. Specifically, the amount of time it takes for the algorithm to execute can be 
quite high. Therefore, to exploit the advantages of complex models, such as LANDMark, 
it is important to further develop and fine tune our algorithm so it can handle a larger 
number of samples. By investigating, comparing, and understanding these methods we 
can develop clearer insights about the complex processes which drive the natural world.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s12859-​022-​04631-z.

Additional file 1. Tables 1 to 4.

Additional file 2. Results and statistical analysis of synthetic tests.

Additional file 3. Results and statistical analysis of toy data sets.

Additional file 4. Figures 1 to 12.

Additional file 5. Algorithm One.

Additional file 6. Processed sample by ASV matrices, associated metadata, indicator species results, and statistical 
analyses, parameter testing results, training time results.

https://doi.org/10.1186/s12859-022-04631-z


Page 31 of 34Rudar et al. BMC Bioinformatics          (2022) 23:110 	

Acknowledgements
We would like to thank Dr. Katie McGee, Dr. Chloe Robinson, Carley Maitland, Genevieve Johnson, and Dr. Marko Rudar 
for their thoughtful discussions during the development of LANDMark.

Authors’ contributions
JR and MH conceived the project. JR developed LANDMark and analyzed/interpreted the results. JR wrote the draft. JR, 
TP, MH, BG, and MW read, discussed, and contributed to the draft. MH and TP contributed additional suggestions on how 
to analyze and compare LANDMark to other models. MH provided computational resources. All authors have read and 
approved the final manuscript.

Funding
JR is supported by funds from the Food from Thought project as part of Canada First Research Excellence Fund. 
TP received funding from the Government of Canada through the Genomics Research and Development Initiative 
(GRDI) Ecobiomics project. MH received funding from the Government of Canada through Genome Canada and 
Ontario Genomics. BG is supported by a Natural Sciences and Engineering Research Council of Canada (NSERC) grant 
(RGPIN-2020-05733).

Availability of data and materials
Authors can confirm that all relevant data are included in the article and/or its supplementary information files.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Department of Integrative Biology & Centre for Biodiversity Genomics, University of Guelph, 50 Stone Road East, Guelph, 
ON N1G 2W1, Canada. 2 Department of Biology, McMaster University, 1280 Main St. West, Hamilton, ON L8S 4K1, Canada. 

Received: 12 August 2021   Accepted: 7 March 2022

References
	1.	 Callahan BJ, McMurdie PJ, Holmes SP. Exact sequence variants should replace operational taxonomic units in 

marker-gene data analysis. ISME J. 2017;11:2639–43.
	2.	 Breitwieser FP, Lu J, Salzberg SL. A review of methods and databases for metagenomic classification and assembl. 

Briefings Bioinform. 2017;2017:1–15.
	3.	 Auer L, Mariadassou M, O’Donohue M, Klopp C, Hernandez-Raquet G. Analysis of large 16S rRNA Illumina data sets: 

Impact of singleton read filtering on microbial community description. Mol Ecol Resour. 2017;17(6):122–32.
	4.	 Mysara M, Njima M, Leys N, Raes J, Monsieurs P. From reads to operational taxonomic units: an ensemble processing 

pipeline for MiSeq amplicon sequencing data. Gigascience. 2017;6(2):1–10.
	5.	 Quince C, Lanzen A, Davenport RJ, Turnbaugh PJ. Removing noise from pyrosequenced amplicons. BMC Bioinform. 

2011;12:38.
	6.	 Edgar RC. UCHIME2: Improved chimera detection for amplicon sequences. bioRxiv [Internet]. 2016. https://​www.​

biorx​iv.​org/​conte​nt/​early/​2016/​09/​09/​074252.
	7.	 Breiman L. Statistical modeling: the two cultures (with comments and a rejoinder by the author. Stat Sci. 

2001;16:199–231.
	8.	 Breiman L. Random forests. Mach Learn. 2001;45(1):5–32.
	9.	 Cutler RD, Edwards TC, Beard KH, Cutler A, Hess KT, Gibson J, et al. Random forests for classification in ecology. Ecol-

ogy. 2007;88(11):2783–92.
	10.	 Ryo M, Rillig MC. Statistically reinforced machine learning for nonlinear patterns and variable interactions. Eco-

sphere. 2017;8(11):01976.
	11.	 Weiss S, Xu ZZ, Peddada S, Amir A, Bittinger K, Gonzalez A, et al. Normalization and microbial differential abundance 

strategies depend upon data characteristics. Microbiome. 2017;5(27):1.
	12.	 McMurdie PJ, Holmes S. Waste not, want not: why rarefying microbiome data is inadmissible. PLoS Comput Biol. 

2014;10(4):1003531.
	13.	 Menze BH, Splitthoff DN, Hamprecht FA. On oblique random forests. In: Gunopulos D, Hofmann T, Malerba D, Vazir-

giannis M, editors. Machine learning and knowledge discovery in databases. 2011. p. 453–69.
	14.	 Hugerth LW, Andersson AF. Analysing microbial community composition through amplicon sequencing: from 

sampling to hypothesis testing. Front Microbiol. 2017;8:1561.
	15.	 Nearing JT, Douglas GM, Comeau AM, Langille MGI. Denoising the denoisers: an independent evaluation of microbi-

ome sequence error-correction approaches. PeerJ. 2018;6:5364.

https://www.biorxiv.org/content/early/2016/09/09/074252
https://www.biorxiv.org/content/early/2016/09/09/074252


Page 32 of 34Rudar et al. BMC Bioinformatics          (2022) 23:110 

	16.	 Bourgon R, Gentleman R, Huber W. Independent filtering increases detection power for high-throughput experi-
ments. Proc Natl Acad Sci USA. 2010;107(21):9546–51.

	17.	 Banerjee K, Zhao N, Srinivasan A, Xue L, Hicks SD, Middleton FA, et al. An adaptive multivariate two-sample test with 
application to microbiome differential abundance analysis. Front Genet. 2019;10:350.

	18.	 Knights D, Costello EK, Knight R. Supervised classification of human microbiota. FEMS Microbiol Rev. 
2011;35(2):343–59.

	19.	 Lundberg SM, Lee S. A unified approach to interpreting model predictions. In: 31st Conference on neural informa-
tion processing systems (NIPS 2017 [Internet]. Long Beach; 2017. http://​papers.​nips.​cc/​paper/​7062-a-​unifi​ed-​appro​
ach-​to-​inter​preti​ng-​model-​predi​ctions.​pdf.

	20.	 Lundberg SM, Erion G, Chen H, DeGrave A, Prutkin JM, Nair B, et al. From local explanations to global under-
standing with explainable AI for trees. Nat Mach Intell. 2020;2(1):56–67.

	21.	 Alpaydin E. Combined 5×2 cv F test for comparing supervised classification learning algorithms. Neural Com-
put. 1999;11:1885–92.

	22.	 Watson JA, Holmes C. Machine learning analysis plans for randomised controlled trials: detecting treatment 
effect heterogeneity with strict control of type I error. Trials. 2020;21:156.

	23.	 Berke O, Trotz-Williams L, Montigny S. Good times bad times: automated forecasting of seasonal cryptosporidi-
osis in Ontario using machine learning. Can Commun Dis Rep. 2020;46(6):192–7.

	24.	 Segata N, Izard J, Waldron L, Gevers D, Miropolsky L, Garrett WS, et al. Metagenomic biomarker discovery and 
explanation. Genome Biol. 2011;12:60.

	25.	 Paulson JN, Stine OC, Bravo HC. Robust methods for differential abundance analysis in marker gene surveys. Nat 
Methods. 2013;10(12):1200–2.

	26.	 Gloor GB, Macklaim JM, Pawlovsky-Glahn V, Egozcue JJ. Microbiome datasets are compositional: and this is not 
optional. Front Microbiol. 2017;8:2224.

	27.	 Chen J, King E, Deek R, Wei Z, Yu Y, Grill D, et al. An omnibus test for differential distribution analysis of microbi-
ome sequencing data. Bioinformatics. 2018;34(4):643–51.

	28.	 Brill B, Amir A, Heller R. Testing for differential abundance in compositional counts data, with application to 
microbiome studies. 2019.

	29.	 Wallen ZD. Comparison study of differential abundance testing methods using two large Parkinson disease gut 
microbiome datasets derived from 16S amplicon sequencing. BMC Bioinform. 2021;22(1):265.

	30.	 Nearing JT, Douglas GM, Hayes MG, MacDonald J, Desai DK, Allward N, et al. Microbiome differential abundance 
methods produce different results across 38 datasets. Nat Commun. 2022;13(1):342.

	31.	 Thessen AE. Adoption of machine learning techniques in ecology and earth science. One Ecosyst. 2016;1:8621.
	32.	 Louppe G, Wehenkel L, Sutera A, Geurts P. Understanding variable importances in forests of randomized trees. 

In: Advances in neural information processing systems, vol. 26 (NIPS 2013) Lake Tahoe. 2013. p. 431–9.
	33.	 Cordier T, Esling P, Lejzerowicz F, Visco JA, Ouadahi A, Martins CIM, et al. Predicting the ecological quality status 

of marine environments from eDNA metabarcoding data using supervised machine learning. Environ Sci Tech-
nol. 2017;51(16):9118–26.

	34.	 Katuwal R, Suganthan PN, Zhang L. An ensemble of decision trees with random vector functional link networks 
for multi-class classification. Appl Soft Comput. 2018;70:1146–53.

	35.	 Kuncheva LI, Rodriguez JJ. Classifier ensembles with a random linear oracle. IEEE Trans Knowl Data Eng. 
2007;19(4):500–8.

	36.	 Dua D, Graff C. UCI machine learning repository [Internet]. University of California, Irvine, School of Information 
and Computer Sciences; 2017. http://​archi​ve.​ics.​uci.​edu/​ml.

	37.	 Sakar CO, Serbes G, Gunduz A, Tunc HC, Nizam H, Sakar BE, et al. A comparative analysis of speech signal pro-
cessing algorithms for Parkinsons disease classification and the use of the tunable Q-factor wavelet transform. 
Appl Soft Comput. 2019;74:255–63.

	38.	 Charytanowicz M, Niewczas J, Kulczycki P, Kowalski PA, Lukasik S, Zak S. A complete gradient clustering algo-
rithm for feature analysis of X-ray Images. Inf Technol Biomed. 2010;2:15–24.

	39.	 Chicco D, Jurman G. Machine learning can predict survival of patients with heart failure from serum creatinine 
and ejection fraction alone. BMC Med Inform Decis Mak. 2020;20(1):16.

	40.	 Patrício M, Pereira J, Crisóstomo J, Matafome P, Gomes M, Seiça R, et al. Using Resistin, glucose, age and BMI to 
predict the presence of breast cancer. BMC Cancer. 2018;18(1):29.

	41.	 Aeberhard S, Coomans D, de Vel O. Comparison of classifiers in high dimensional settings. department of math-
ematics and statistics, James Cook University of North Queensland; 1992. Report No.: 92-02.

	42.	 Fisher RA. The use of multiple measurements in taxonomic problems. Ann Eugen. 1936;7(2):179–88.
	43.	 Cinar I, Koklu M, Taşdemir Ş. Classification of raisin grains using machine vision and artificial intelligence meth-

ods. Gazi J Eng Sci. 2020;6(3):200–9.
	44.	 Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: machine learning in 

python. J Mach Learn Res. 2011;12:2825–30.
	45.	 Vettigli G. The glowing python [Internet]. 2017. https://​glowi​ngpyt​hon.​blogs​pot.​com/​2017/​04/​solvi​ng-​two-​

spira​ls-​probl​em-​with-​keras.​html.
	46.	 Turnbaugh PJ, Ley RE, Hamady M, Fraser-Liggett CM, Knight R, Gordon JI. The human microbiome project. 

Nature. 2007;449(7164):804–10.
	47.	 Gibson JF, Shokralla S, Curry C, Baird DJ, Monk WA, King I, et al. Large-scale biomonitoring of remote and threat-

ened ecosystems via high-throughput sequencing. PLoS ONE. 2015;10(10):0138432.
	48.	 Hajibabaei M, Spall JL, Shokralla S, Konynenburg S. Assessing biodiversity of a freshwater benthic macroinverte-

brate community through non-destructive. BMC Ecol. 2012;12(28):23259585.
	49.	 Folmer O, Black M, Hoeh W, Lutz R, Vrijenhoek R. DNA primers for amplification of mitochondrial cytochrome c 

oxidase subunit I from diverse metazoan invertebrates. Mol Mar Biol Biotech. 1994;3(5):294–9.
	50.	 Fahner NA, Shokralla S, Baird DJ, Hajibabaei M. Large-scale monitoring of plants through environmental DNA 

metabarcoding of soil: recovery, resolution, and annotation of four DNA markers. PLoS ONE. 2016;11(6):0157505.

http://papers.nips.cc/paper/7062-a-unified-approach-to-interpreting-model-predictions.pdf
http://papers.nips.cc/paper/7062-a-unified-approach-to-interpreting-model-predictions.pdf
http://archive.ics.uci.edu/ml
https://glowingpython.blogspot.com/2017/04/solving-two-spirals-problem-with-keras.html
https://glowingpython.blogspot.com/2017/04/solving-two-spirals-problem-with-keras.html


Page 33 of 34Rudar et al. BMC Bioinformatics          (2022) 23:110 	

	51.	 Porter TM, Shokralla S, Baird D, Golding BG, Hajibabaei M. Ribosomal DNA and plastid markers used to sample 
fungal and plant communities from wetland soils reveals complementary biotas. PLoS ONE. 2016;11(1):0142759.

	52.	 Compson ZG, Monk WA, Curry CJ, Gravel D, Bush A, Baker CJK, et al. Chapter two - linking DNA metabarcoding 
and text mining to create network-based biomonitoring tools: a case study on boreal wetland macroinverte-
brate communities. Adv Ecol Res. 2018;59:33–74.

	53.	 Hajibabaei M, Porter TM, Robinson CV, Baird DJ, Shokralla S, Wright MTG. Watered-down biodiversity? A compari-
son of metabarcoding results from DNA extracted from matched water and bulk tissue biomonitoring samples. 
PLoS ONE. 2019;14(12):0225409.

	54.	 Bush A, Monk WA, Compson ZG, Peters DL, Porter TM, Shokralla S, et al. DNA metabarcoding reveals metacom-
munity dynamics in a threatened boreal wetland wilderness. PNAS. 2020;117(15):8539–45.

	55.	 Porter TM, Hajibabaei M. Automated high throughput animal CO1 metabarcode classification. Sci Rep. 
2018;8:4226.

	56.	 St. John J. SeqPrep [Internet]. 2011. https://​github.​com/​jstjo​hn/​SeqPr​ep.
	57.	 Martin M. Cutadapt removes adapter sequences from high-throughput sequencing reads. EMBnet J. 

2011;17(1):10–2.
	58.	 Rognes T, Flouri T, Nichols B, Quince C, Mahe F. VSEARCH: a versatile open source tool for metagenomics. PeerJ. 

2016;4:2584.
	59.	 Edgar RC. UNOISE2: improved error-correction for Illumina 16S and ITS amplicon reads. bioRxiv. 2016.
	60.	 Wang Q, Garrity GM, Tiedje JM, Cole JR. Naive Bayesian classifier for rapid assignment of rRNA sequences into 

the new bacterial taxonomy. Appl Environ Microbiol. 2007;73(16):5261–7.
	61.	 Porter TM, Hajibabaei M. Over 2.5 million COI sequences in GenBank and growing. PLoS ONE. 

2018;13(9):0200177.
	62.	 Ranasinghe JA, Stein ED, Miller PE, Weisberg SB. Performance of two Southern California benthic com-

munity indices using species abundance and presence-only data: relevance to DNA barcoding. PLoS ONE. 
2012;7(8):40875.

	63.	 Geurts P, Ernst D, Wehenkel L. Extremely randomized trees. Mach Learn. 2006;63(1):3–42.
	64.	 Abadi M, Agarwal A, Barham P, Brevdo E, Chen Z, Citro C et al. TensorFlow: large-scale machine learning on 

heterogeneous systems.
	65.	 Klambauer G, Unterthiner T, Mayr A, Hochreiter S. Self-normalizing neural networks. 2017.
	66.	 Misra D. Mish: a self regularized non-monotonic activation function. 2020.
	67.	 Rahimi A, Recht B. Random features for large-scale kernel machines. In: NIPS’07: proceedings of the 20th inter-

national conference on neural information processing systems. 2007. p. 1177–84.
	68.	 Kingma DP, Ba J. Adam: a method for stochastic optimization. 2014.
	69.	 Rodriguez JJ, Kuncheva LI, Alonso CJ. Rotation forest: a new classifier ensemble method. IEEE Trans Pattern Anal 

Mach Intell. 2006.
	70.	 Mosley L. A balanced approach to the multi-class imbalance problem. Graduate theses and dissertations [Inter-

net]. 2013;13537. http://​lib.​dr.​iasta​te.​edu/​etd/​13537.
	71.	 Chicco D, Jurman G. The advantages of the Matthews correlation coefficient (MCC) over F1 score and accuracy 

in binary classification evaluation. BMC Genomics. 2020;21(1):6.
	72.	 Zaiontz C. Real statistics [Internet]. www.​real-​stati​stics.​com.
	73.	 Japkowicz N, Shah M. Statistical significance testing. in: evaluating learning algorithms: a classification perspec-

tive. Cambridge University Press; 2011. p. 217–58.
	74.	 Alhusain L, Hafez AM. Cluster ensemble based on Random Forests for genetic data. BioData Min. 2017;10(1):37.
	75.	 Pes B. Ensemble feature selection for high-dimensional data: a stability analysis across multiple domains. Neural 

Comput Appl. 2020;32:5951–73.
	76.	 Anderson MJ, Walsh DCI. PERMANOVA, ANOSIM, and the Mantel test in the face of heterogeneous dispersions: 

What null hypothesis are you testing? Ecol Monogr. 2013;83:557–74.
	77.	 De Cáceres M, Legendre P, Moretti M. Improving indicator species analysis by combining groups of sites. Oikos. 

2010;119(10):1674–84.
	78.	 Touw WG, Bayjanov JR, Overmars L, Backus L, Boekhorst J, Wels M, et al. Data mining in the Life Sciences with 

Random Forest: a walk in the park or lost in the jungle? Brief Bioinform. 2012;14(3):315–26.
	79.	 Collins SL, Avolio ML, Gries C, Hallett LM, Koerner SE, Kimberly JLP, et al. Temporal heterogeneity increases with 

spatial heterogeneity in ecological communities. Ecology. 2018;99(4):858–65.
	80.	 Knights D, Ward TL, McKinlay CE, Miller H, Gonzalez A, McDonald D, et al. Rethinking “enterotypes.” Cell Host 

Microbe. 2014;16(4):433–7.
	81.	 Schielzeth H, Dingemanse NJ, Nakagawa S, Westneat DF, Allegue H, Teplitsky C, et al. Robustness of linear 

mixed-effects models to violations of distributional assumptions. Methods Ecol Evol. 2020;11(9):1141–52.
	82.	 Frühe L, Cordier T, Dully V, Breiner H, Lentendu G, Pawlowski J, et al. Supervised machine learning is superior to 

indicator value inference in monitoring the environmental impacts of salmon aquaculture using eDNA metabar-
codes. Mol Ecol. 2020;1–19.

	83.	 Jiang P, Wu H, Wang W, Ma W, Sun X, Lu Z. MiPred: classification of real and pseudo microRNA precursors using 
random forest prediction model with combined features. Nucleic Acids Res. 2007;35:W339–44.

	84.	 Poole A, Urbanek C, Eng C, Schageman J, Jacobson S, O’Connor BP, et al. Dissecting childhood asthma with nasal 
transcriptomics distinguishes subphenotypes of disease. J Allergy Clin Immunol. 2014;133(3):670-678.e12.

	85.	 Acharjee A, Kloosterman B, Visser RGF, Maliepaard C. Integration of multi-omics data for prediction of pheno-
typic traits using random forest. BMC Bioinform. 2016;17(5):180.

	86.	 Lin X, Liu H, Wei Z, Roy SB, Gao N. An active learning approach for clustering single-cell RNA-seq data. Lab Inves-
tig. 2021. https://​doi.​org/​10.​1038/​s41374-​021-​00639-w.

	87.	 Kuncheva L. A bound on kappa-error diagrams for analysis of classifier ensembles. IEEE Trans Knowl Data Eng. 
2013;25(3):494–501.

https://github.com/jstjohn/SeqPrep
http://lib.dr.iastate.edu/etd/13537
http://www.real-statistics.com
https://doi.org/10.1038/s41374-021-00639-w


Page 34 of 34Rudar et al. BMC Bioinformatics          (2022) 23:110 

	88.	 Rodriguez J, Kuncheva L. Naïve bayes ensembles with a random oracle. In: Multiple classifier systems, 7th inter-
national workshop Prague. 2007. p. 450–8.

	89.	 Cohen J. A coefficient of agreement for nominal scales. Educ Psychol Meas. 1960;20(1):37–46.
	90.	 Silverman JD, Washburne AD, David LA. A phylogenetic transform enhances analysis of compositional micro-

biota data. Elife. 2017;6:21887.
	91.	 Malik MM. A hierarchy of limitations in machine learning. 2020.
	92.	 Wolpert DH. What is important about the no free lunch theorems? 2020.
	93.	 Montemurro MMM, Urgese GGU, Grassi EGEG, C.G.P. CG, Bertotti AAB, Ficarra EEF. Effective evaluation of cluster-

ing algorithms on single-cell CNA data. In: 2020 7th international conference on biomedical and bioinformatics 
engineering [Internet]. New York: Association for Computing Machinery; 2020. p. 5–11. (ICBBE ’20). https://​doi.​
org/​10.​1145/​34448​84.​34448​86.

	94.	 Thompson J, Johansen R, Dunbar J, Munsky B. Machine learning to predict microbial community functions: an 
analysis of dissolved organic carbon from litter decomposition. PLoS ONE. 2019;14(7):0215502.

	95.	 Elith J, Leathwick JR, Hastie T. A working guide to boosted regression trees. J Anim Ecol. 2008;77(4):802–13.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1145/3444884.3444886
https://doi.org/10.1145/3444884.3444886

	LANDMark: an ensemble approach to the supervised selection of biomarkers in high-throughput sequencing data
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Methods
	Toy datasets
	Amplicon sequencing dataset selection
	Bioinformatics
	The LANDMark algorithm
	Model choices, parameterizations, and hardware
	Generation of synthetic datasets
	Assessment of generalization performance using models trained with synthetic and toy datasets
	Assessment of the LANDMark, extra trees, and random forest decision space
	Analysis of metabarcoding data

	Results
	LANDMark performs competitively in synthetic and toy data
	LANDMark is robust to differences in hyper-parameter settings
	LANDMark can extract useful information from presence-absence metabarcoding data to create highly predictive models
	LANDMark ensembles are collections of highly accurate but low diversity models

	Discussion
	Conclusions
	Acknowledgements
	References


